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Summary 18 
1. Spatial statistics are widely used in studies of ecological processes in plant communities, 19 
especially to provide evidence of neutral or non-neutral mechanisms that might support 20 
species coexistence. The contribution of such statistics has been substantial, but their ability 21 
to identify any links between underlying processes and emergent patterns is not certain.  22 
2. We investigate the ability of a number of spatial statistics to distinguish theorised 23 
mechanisms of species coexistence (spatial and temporal niche differentiation, neutrality, 24 
the Janzen-Connell effect and heteromyopia) in a simulated plant community.  25 
3. We find that individual statistics differ substantially in their sensitivity to these 26 
mechanisms, with those based on nearest-neighbour species identities being the most 27 
sensitive. These differences are largely robust to changes in the strength of the modelled 28 
mechanisms when simulated independently and in combination. The spatial signal of niche 29 
differentiation is always distinct in simulations that combine mechanisms. 30 
4. Synthesis. We describe full spatial signals of modelled coexistence mechanisms that are 31 
observed consistently across statistics and simulated strengths and combinations of 32 
mechanisms, and identify a set of spatial statistics that holds particular promise for 33 
empirical studies designed to investigate mechanisms of these kinds.  34 
 35 
Key-words: coexistence mechanisms, determinants of plant community diversity and 36 
structure, environmental niche, heteromyopia, ISAR, Janzen Connell, lottery model, neutral 37 
theory, point pattern, spatial Simpson index.  38 
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Introduction 39 
Statistics that summarise spatial relationships among individuals are of considerable value in 40 
ecology, where many processes influence, and are influenced by, spatial structure (Watt 41 
1947; Law et al. 2009).  These processes include niche differentiation (Wang et al. 2011), 42 
positive and negative interactions among species (Stoll & Prati 2001), density dependence 43 
within species (Clark & Clark 1984; Packer & Clay 2000), and dispersal limitation (Seidler & 44 
Plotkin 2006).  All of these processes, alone or in combination, are thought to play a 45 
substantial role in the dynamics of plant communities, and their detection and 46 
quantification is a major aim of forest ecology in particular. 47 
Of special interest are processes that might enable very large numbers of species to coexist 48 
in tropical rainforests (Wright 2002).  The long-running debate over the identity of these 49 
processes has been given fresh impetus in recent years by findings that the observed non-50 
spatial characteristics of tropical tree communities (such as species diversity or abundances) 51 
are described well by neutral models that assume ecological equivalence among species 52 
(Hubbell 2001; Bell 2001).  Attempts to ascertain the role of neutral dynamics, as opposed 53 
to the more established niche differentiation (Grinnell 1917; Hutchinson 1958) or Janzen-54 
Connell effects (Janzen 1970; Connell 1970) have been manifold (e.g. Hardy & Sonké 2004; 55 
Ruokolainen et al. 2009; Tang & Zhou 2011; Gueze et al. 2013; Chase 2014).  Popular 56 
summaries of species occurrence, diversity or abundances have failed to provide a 57 
resolution (e.g. Hubbell 2001; Chave 2004; McGill et al. 2007), but summaries of spatial 58 
structure have a rich potential to contribute to this debate (Condit et al. 2000; Brown et al. 59 
2011; 2013; Baldeck et al. 2013; Bar-Massada et al. 2014).    60 
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Many studies of spatial structure have focused on variations in diversity, often using 61 
measures of β-diversity that summarise some aspect of the turnover in species composition 62 
with site (e.g. Jaccard 1912; Odum 1950; Shimatani 2001; Legendre et al. 2005; Anderson et 63 
al. 2011; Gonzalez-Caro et al. 2014). However, the majority of spatial statistics used in 64 
ecology describe intra- or inter-specific clustering. Spatial point process theory, which 65 
provides statistical models and descriptions of patterns formed by individuals in space, has 66 
become increasingly important as a basis for analyses of point patterns (Matérn, 1960; 67 
Stoyan & Penttinen 2000; Illian et al. 2008; Wiegand & Moloney 2014).  Ripley’s K-function 68 
and its non-cumulative equivalent, the pair correlation function, have been particularly 69 
widely used (e.g. Salonen et al. 1992; Hardy & Sonké 2004; Wiegand et al. 2007b).   70 
Spatial statistics have often proved useful in identifying the signals of particular ecological 71 
processes in the relative locations of tree species (Mladenoff et al. 1993; Law et al. 2009; 72 
Wang et al. 2010), or in studying associations and interactions among species (Wiegand et 73 
al. 2007b; Martinez et al. 2010; Zhang et al. 2010; Wang et al. 2011).  Several recent studies 74 
suggest that spatial structure may indeed be used to distinguish neutral and non-neutral 75 
processes (Münkemüller et al. 2012; Brown et al. 2013; Baldeck et al. 2013; Bar-Massada et 76 
al. 2014; May et al. 2015). Dispersal limitation and niche differentiation have both been 77 
frequently investigated through their spatial effects (e.g. Smith & Lundholm 2010; Wang et 78 
al. 2010; Lin et al. 2011; Beaudrot et al. 2013). Nevertheless, patterns generated by 79 
environmental variation and limited dispersal remain difficult to distinguish (Wiegand et al 80 
2007a; Kraan et al. 2010), although new techniques for spatial point process modelling offer 81 
promise for separating the effects of these processes (e.g. Illian et al. 2012; Jalilian et al. 82 
2013).   83 
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The wide range of applications for spatial statistics in forest ecology has led to a 84 
proliferation of statistics that are based on similar or identical spatial information.  However, 85 
reviews of the relative abilities of different spatial statistics to describe patterns of interest 86 
have been scarce (Dale et al. 2002; Tuomisto 2010; Anderson et al. 2011; Wiegand et al. 87 
2013), and the relationships among them have not been formally assessed.  Furthermore, 88 
there have been few theoretical investigations of the implications of proposed coexistence 89 
mechanisms for spatial structure (but see e.g. May et al. 2015). As a result, neither the 90 
spatial signals of important processes nor the abilities of spatial statistics to detect them are 91 
fully understood, hindering attempts to investigate the dynamics of real-world 92 
communities.  93 
Here, we carry out a comprehensive assessment of the sensitivity of a number of different 94 
statistics to five theorised mechanisms of species coexistence in plant communities: neutral 95 
dynamics (Hubbell 2001), spatial niche differentiation, temporal niche differentiation, the 96 
Janzen-Connell effect, and heteromyopia (Murrell & Law 2003).  In order to do so, we 97 
isolate the signals of these mechanisms by running stochastic simulations of forest 98 
communities under the basic assumptions of each mechanism separately and in 99 
combination.  Our primary aim is to investigate the sensitivity of different statistics to the 100 
modelled mechanisms, whether they operate alone or together.  This is expected to 101 
represent a first step in the development of empirically testable predictions of spatial 102 
structure that differ among theorised coexistence mechanisms.   103 
A secondary aim is to fully characterise the spatial signals of the mechanisms that we model, 104 
in order to assess potential links between underlying processes and observed patterns.  105 
Spatial structure is complex and includes a number of distinct characteristics, such as the 106 
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magnitude and spatial scale of associations among individuals of the same and different 107 
species. Any one statistic is therefore unlikely to capture the full spatial signal of a particular 108 
mechanism and, being a summary of spatial structure, may discard some relevant 109 
information (e.g. Wiegand et al. 2013).  We distinguish spatial statistics according to 110 
whether they describe within- or between-species structure (Fig. 1), at what level (species 111 
or community) they operate, and further identify the individual items of information that 112 
comprise them.  In this way, we can determine precisely those characteristics of spatial 113 
patterns that the modelled mechanisms affect, and whether these are most clearly 114 
discernible within or between species.  This finally enables us to propose an informative 115 
combination of existing spatial statistics that together capture the principal spatial 116 
consequences of each simulated mechanism, and therefore may provide additional 117 
information for empirical studies of underlying processes in plant communities. 118 
  119 
Materials & Methods 120 
SPATIAL STATISTICS  121 
We do not attempt a comprehensive review of published spatial statistics, but instead 122 
concentrate on a small number that are particularly representative (selected according to 123 
the information that they use and their prior application in relevant studies).  We divided 124 
statistics into those that describe within-species spatial structure and those that describe 125 
between-species spatial structure (bivariate or multivariate).  All are sensitive to some form 126 
of attraction or repulsion among individuals, where independent spatial distributions 127 
indicate a lack of interaction (Wiegand & Moloney 2004).  Within-species patterns vary 128 
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between clustering and regularity of conspecifics, while between-species patterns vary 129 
between mingling and segregation of heterospecifics (Fig. 1).   130 
We considered three statistics describing within-species structure and four describing 131 
between-species structure (these are summarised in Tables 1 and 2).  Together, these 132 
statistics employ the principal spatial and non-spatial pieces of information available for the 133 
construction of statistics in plant community ecology (Table 1), and so allowed us to draw 134 
broad conclusions about the ability of groups of spatial statistics to detect the processes 135 
that we model. 136 
The three measures describing within-species spatial structure that we considered were the 137 
degree of aggregation (Coomes et al. 1999), the measure of interspecific segregation (Dixon 138 
1994, which despite its name describes the spatial structure of conspecifics); and the 139 
proportion of conspecific neighbours (e.g. Wiegand et al. 2007a) (Table 2). The four 140 
measures describing between-species spatial structure that we considered were the 141 
individual species-area relationship (ISAR) (Wiegand et al. 2007a; which captures similar 142 
information to the Species Area Relationship), the spatial Simpson index (Shimatani 2001; 143 
Rajala & Illian 2012), the degree of association (Coomes et al. 1999) and the cross-pair 144 
overlap distribution (xPOD) (Brown et al. 2011). All of these measures vary in their 145 
sensitivities to spatial scale and community size and diversity (Table 2), and several are 146 
closely related or equivalent to spatial point process functions such as Ripley’s K (Table S4).   147 
The ability of the xPOD to distinguish the coexistence mechanisms modelled here has been 148 
established previously (Brown et al. 2011), and the degree of association is expected to be 149 
similarly sensitive due to the information it shares with the xPOD.  The spatial Simpson 150 
index and the ISAR are sensitive to species richness or abundances, and the mechanisms we 151 
  8 
model have no clear a priori consequences for these. Nevertheless, these measures do allow 152 
for the comparison of signals in spatial patterns with those in diversity or abundances. Each 153 
statistic was calculated at species level (Table 2) and community level (Table S5), where the 154 
ISAR was further normalised by species richness (the spatial Simpson index was not 155 
normalised by relative abundances because it would then contain only the information 156 
already captured by other statistics).       157 
ECOLOGICAL SIMULATIONS 158 
In order to test the sensitivity of the eight spatial measures to particular ecological 159 
processes, we used data from a large set of new simulations of a model presented in Brown 160 
et al. (2011).  These were replicated simulations from a stochastic individual-based model of 161 
a species-rich plant community in continuous toroidal space, in which multispecies spatial 162 
patterns were allowed to develop through several million birth and death events.  These 163 
events occurred according to the individual and combined assumptions of neutral, niche, 164 
lottery (temporal niche), Janzen-Connell or heteromyopia mechanisms, which were chosen 165 
as the principal theorised mechanisms of species coexistence in diverse plant communities.  166 
This approach allowed any spatial signals of these modelled mechanisms to be isolated from 167 
any potentially confounding effects and assessed.   168 
Under neutrality, the only processes included were density-dependent mortality, dispersal 169 
limitation (both of which occurred identically in all species) and the immigration of new 170 
species.  These processes also occurred in the other simulations but were adjusted as 171 
follows: in the niche simulations, individuals had lower death rates when they were within 172 
their species’ preferred environment (within a geographically defined, continuous and 173 
symmetrical environmental gradient; Brown et a;. 2011 Fig. 1(d)); in the lottery simulations, 174 
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all species’ death rates varied at random time intervals to represent the effects of 175 
environmental changes; in the Janzen-Connell simulations local density-dependent mortality 176 
took a higher value within species than between them; and in the heteromyopia simulations 177 
density-dependent mortality occurred over larger areas within species than between them. 178 
Parameterisations of each set of simulations are given in Table S1, and complete 179 
descriptions of each model are provided in Brown et al. (2011) (the only modifications being 180 
to improve simulation speed and the representation of bivariate Gaussian dispersal kernels).   181 
As in Brown et al. (2011), these simulations are intended to provide evidence of the 182 
fundamental spatial properties of the modelled processes (alone and in combination). Direct 183 
relevance to real-world communities, where many different processes occur and interact at 184 
a range of species-specific strengths, is inevitably limited. Nevertheless, conclusions drawn 185 
in these and other simulated settings have empirical value, in generating testable 186 
hypotheses concerning real-world spatial structure, developing and comparing spatial 187 
statistics, and in improving understanding of the modelled processes (Gravel et al. 2006; 188 
Brown et al. 2011; 2013; Flügge et al. 2012).  189 
Thirty realisations of each mechanism were generated so that the variability in the 190 
properties of the resulting spatial patterns could be assessed, and the spatial measures 191 
defined in Table 2 were calculated for each realisation (parameterisations were consistent 192 
across realisations). We then randomly re-assigned species identities (while preserving 193 
abundances) across individuals in each of the simulations and re-calculated the spatial 194 
measures, to check for spatial effects of model design unrelated to the mechanisms being 195 
modelled. We also varied the strength of each modelled mechanism over an additional forty 196 
realisations (ten per non-neutral mechanism, from nearly neutral to strongly non-neutral; 197 
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Table S2) in order to assess changes in the sensitivity of the statistics used to the modelled 198 
mechanism. Finally, we ran another twenty-five simulations in which mechanisms were 199 
pairwise combined at each of three defined strengths (Table S3) to investigate the 200 
robustness of the spatial characteristics identified from the preceding, single-mechanism 201 
simulations. 202 
COMPARING SPATIAL STATISTICS 203 
Statistics describing spatial structure were compared on the basis of their ability to 204 
distinguish the mechanisms described above using their resulting modelled spatial patterns. 205 
For every simulated species across the 365 simulations and permutations, all statistics that 206 
could give species-specific values were calculated on the torus and plotted. Subsequently, 207 
all statistics were calculated for each simulated community (realisation) of each modelled 208 
mechanism. Some statistics, being scale-independent, gave single values in each case, while 209 
others, being functions of distance, gave a range of values calculated at different scales 210 
(Table 2). Statistics of the latter type were calculated to a maximum radius of one quarter of 211 
minimum plot dimension (0.25 units) following the recommendation of Baddeley & Turner 212 
(2005).  Depending on observed sensitivity to spatial scale, statistics were calculated at 213 
increments of radius of either 30 or 100 (increments of 0.0083 and 0.0025 respectively).  In 214 
this way, we were able to compare the abilities of the different statistics to distinguish the 215 
modelled mechanisms by their effects on the patterns of individual species or entire 216 
communities, and how these abilities varied with spatial scale.      217 
The ability of each statistic to discriminate among the mechanisms of community assembly 218 
was initially visually assessed on the basis of all simulation results (e.g. Fig 3(a)).  For scale-219 
dependent measures, information from the radius or radii at which differences among the 220 
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mechanisms appeared greatest was used to construct boxplots of results; scale-221 
independent measures were summarised immediately as boxplots (e.g. Figs. 2(b) & 3(b)).  222 
The overlap of these boxplots was again assessed visually, and distributions of values 223 
plotted for the radius at which overlap was minimised (e.g. Fig. S3).  These distributions 224 
were finally characterised by their first three moments – mean, standard deviation and 225 
skewness (e.g. Table S6). We did not formally measure differences between results of 226 
different models as any such measure would be a function of arbitrary parameter settings 227 
rather than of fundamental differences between modelled mechanisms. Instead, we use the 228 
additional permutations and simulations described above to compare our results to those 229 
generated by random reassignment of species identities, and to conduct a sensitivity 230 
analysis to assess the robustness of our findings to variations in the strength of the 231 
modelled mechanisms in isolation and in pairwise combinations.   232 
Having identified the measures that were most successful in distinguishing the modelled 233 
mechanisms, we combined those based on different information (Table 1) into a single plot 234 
intended to capture the principal spatial characteristics of the mechanisms.  We then 235 
analysed the behaviour of this combination, including its sensitivity to variations in 236 
parameter settings, and investigated its ability to distinguish the modelled mechanisms in 237 
their general forms using principal component analysis. We present graphical results for the 238 
measures that best distinguish the different simulated ecological mechanisms here, and the 239 
remaining results in the Supporting Information. The results are based on species with an 240 
abundance of at least 100 individuals, because species of low abundance introduce a large 241 
amount of random variation and mask the signals from the modelled mechanisms. 242 
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 243 
Results 244 
Within-species structure 245 
Measures of within-species structure detected a number of differences between modelled 246 
mechanisms. These differences were generally not apparent in species-level results (the 247 
proportion of conspecific neighbours was most successful at this level; Figs. S2-3) but became 248 
clear when these results were averaged to community level. The degree of aggregation 249 
distinguished the niche, Janzen-Connell/lottery and neutral/heteromyopia results (Fig. S1), 250 
while the measure of interspecific segregation and proportion of conspecific neighbours gave 251 
distinct values for all but the neutral and heteromyopia results (Figs. 2 & 3). The proportion 252 
of conspecific neighbours was slightly higher under heteromyopia than neutrality at small 253 
spatial scales, but all measures suggested that total species clustering was minimised in the 254 
lottery simulations and increased through the Janzen-Connell, heteromyopia, neutral and 255 
finally niche simulations.  256 
Between-species structure 257 
Measures of between-species structure differed widely in their sensitivities to modelled 258 
mechanisms but again performed best when expressed at community level (species level 259 
results are presented in Figs. S4-S6). The (scale-insensitive) xPOD distinguished the niche 260 
mechanism, with a low mean and large variance in values compared to other mechanisms.  261 
Differences between the other mechanisms were limited, being restricted to some increase 262 
in mean values through the niche, heteromyopia, neutral, lottery and Janzen-Connell 263 
simulations, and some differences in the skews of the distributions. (Fig. S4 & Table S7). The 264 
ISAR (normalised to species richness; Table S7) performed considerably better, showing 265 
  13 
substantial differences between the Janzen-Connell, neutral and heteromyopia simulations 266 
at small scales and complete separation between these, the niche and the lottery results (Fig. 267 
4).  A decreasing proportion of community diversity was found within local neighbourhoods 268 
across the lottery, Janzen-Connell, neutral, heteromyopia and niche mechanisms. The degree 269 
of association produced similar results, suggesting that species associations were strongest 270 
under the Janzen-Connell mechanism but decreasing in the same order otherwise. The spatial 271 
Simpson index, finally, completely distinguished all but the neutral and heteromyopia results 272 
at small radii (Fig. 5). The lottery mechanism produced the lowest values of the index at all 273 
radii, with the niche, neutral, heteromyopia and Janzen-Connell mechanisms giving increasing 274 
values. 275 
Sensitivity analysis and combination of measures 276 
These results allowed us to identify the measures that were most effective at discriminating 277 
among the mechanisms we modelled. This was achieved most successfully at the 278 
community level in all cases, where confounding variation between species had been 279 
averaged out (differences in this interspecific variation among mechanisms were not found 280 
to be as informative as the mean measures themselves). However, while species-level 281 
results from each mechanism were found to overlap to some extent, differences remained 282 
substantial enough to provide some discrimination of underlying mechanism.  283 
Of the measures of within-species spatial structure, the proportion of conspecific 284 
neighbours was superior, being able to distinguish all mechanisms at community level with 285 
limited overlap only between the neutral and heteromyopia results (Fig. 3).  Two measures 286 
of exposure were particularly successful: the ISAR (expressed as proportions of total species 287 
numbers in each simulation) and the spatial Simpson index.  These could both distinguish all 288 
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but the neutral and heteromyopia mechanisms, and found some differences even between 289 
these.  The measures are also complementary to one another, because the ISAR uses only 290 
local counts of species, whereas the spatial Simpson index uses individual neighbour counts 291 
and ‘global’ species counts (relative abundances; Table 2).  They therefore draw on distinct 292 
information from a range of spatial scales, and detect slightly different characteristics of the 293 
modelled patterns, as evidenced by the dramatic difference in the relationship between the 294 
niche and lottery mechanisms as described by each (see also May et al. 2015). 295 
Having identified these three measures as particularly informative, we graphically combined 296 
them (using values from the most informative radii, where appropriate; see Fig. 6) in order 297 
to illustrate all of the detected differences between modelled mechanisms in a single 298 
summary (Fig. 6a).  This showed clear separation between all mechanisms, and the results 299 
of the sensitivity analysis, when expressed in terms of the same statistics, showed that this 300 
separation was robust to the strength of the modelled mechanisms, with only the most 301 
nearly neutral simulations producing similar results to one another (Fig. 6b). Mechanisms 302 
either formed distinct groups or followed clear trajectories in 3-dimensional statistical 303 
space, diverging in different directions as the strength of each modelled mechanism 304 
increased. 305 
These differences were also largely robust to different combinations of mechanisms at 306 
different strengths (Table S3, Fig. 6c). This was especially true of simulations including the 307 
niche mechanism, which always produced highly distinct results similar to those produced 308 
by the niche mechanism alone, although the addition of the Janzen-Connell effect reduced 309 
the strength of the niche signal in the spatial Simpson and proportion of conspecific 310 
neighbours indices. The Janzen-Connell mechanism also eroded the distinction between 311 
lottery and other results when used in combination. Of the three measures included in this 312 
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combination, the ISAR appeared to retain the greatest sensitivity to modelled processes, 313 
with only the Janzen-Connell – heteromyopia combinations producing values consistent 314 
with neutrality (though further work is required to test the reliability of these findings, as 315 
some differences were small and potentially influenced by a lack of common species in 316 
certain simulations). 317 
Finally, results from randomisation of species identities expressed in terms of this 318 
combination of indices show the almost complete loss of differences between simulated 319 
mechanisms (especially for the proportion of conspecific neighbours) (Fig. S7). This suggests 320 
that earlier findings are also robust to permutations of this kind, and therefore reflect 321 
genuine spatial signals of the modelled processes rather than differences in species 322 
abundances or experimental design. The exception is the lottery model, where spatial 323 
Simpson and ISAR values approach those from the original simulations, implying that the 324 
occurrence of a small number of (relatively) hyper-abundant species in the lottery 325 
simulations means that measures which take account of overall diversity are sensitive to the 326 
mechanism even where accurate spatial information is lost.  327 
Further analysis of the combination of spatial statistics revealed that, for the initial 30 328 
realisations of each modelled mechanism, the ISAR and proportion of conspecific 329 
neighbours were strongly negatively correlated (having a Pearson correlation coefficient of -330 
0.989).  Although the two measures are not directly dependent and could in theory respond 331 
very differently to patterns (for instance the proportion of conspecific neighbours would not 332 
distinguish between a high density of neighbours belonging to a single other species and a 333 
high density belonging to several other species, while the ISAR would, but similarities would 334 
increase as proportions of conspecific neighbours increase; Wiegand et al. 2007a), they 335 
were not both necessary to distinguish mechanisms as modelled here.  A principal 336 
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components analysis confirmed this, showing that the first two principal components, which 337 
placed very little weight on the ISAR, explained more than 0.9998 of variation in the results 338 
(Table S10).  A plot of the first two principal components showed that the first alone was 339 
sufficient to detect most of the differences among the mechanisms, while the second was 340 
required to separate the niche/lottery and neutral/heteromyopia mechanisms (Fig 8).  Given 341 
their respective make up, this implies that the spatial Simpson index, as a measure of 342 
between-species structure, can separate mechanisms that are or are not based on spatial or 343 
temporal niche differentiation, but that the proportion of conspecific neighbours, a measure 344 
of within-species structure, is necessary to distinguish between the effects of temporal and 345 
spatial niches. 346 
 347 
Discussion      348 
In recent years, increasing attention has been paid to links between coexistence 349 
mechanisms and spatial patterns in plant communities (Pacala & Deutschman 1995; Tilman 350 
& Kareiva 1997; Murrell et al. 2001; Stoll & Prati 2001; Chesson & Neuhauser 2004). The 351 
primary objective of this analysis was to identify which descriptions of within- and between-352 
species spatial structure were the most sensitive to coexistence mechanisms in a simulated 353 
plant community. The secondary objective was to fully describe the spatial signals of the 354 
modelled mechanisms.  355 
The use of measures of spatial structure to quantify intraspecific aggregation and 356 
interspecific mingling is well established in both practical and theoretical research (e.g. 357 
Condit et al. 2000; Pommerening 2002; Souza & Martins 2003; Shimatani & Kubota 2004; 358 
Hao et al. 2007; Motz et al. 2010). However, the explanation of observed structure has long 359 
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been regarded as beyond the scope of these measures, not least because of the strong 360 
effects of dispersal limitation (Pacala & Levin 1997; Plotkin et al. 2000). Nevertheless, spatial 361 
statistics have been used to distinguish intra-specific and inter-specific associations 362 
(Roxburgh & Chesson 1998) and to link associations to competitive processes (Stoll & Prati 363 
2001; Luo et al. 2012), to disentangle interspecific associations and environmental signals 364 
(Wiegand et al. 2007b) and to investigate the role of spatial structure in maintaining species 365 
richness and preventing competitive exclusion (Rácz & Karsai 2006; Damgaard 2010; Vogt et 366 
al. 2010; Luo et al. 2012).  367 
We find that the measures considered here also give a clear and consistent description of 368 
spatial patterns under the different mechanisms that we model (Table 3). The niche 369 
mechanism produces communities composed of highly clustered and poorly mingled 370 
species, because of their association with particular geographically-defined habitats. The 371 
lottery (temporal niche) mechanism produces species with low levels of clumping and high 372 
levels of mingling, with considerable variation between species. Differences in the results of 373 
the spatial Simpson and ISAR indices suggest that common species (which were likely to 374 
have high fecundities at the time at which the simulations were stopped) were less mingled 375 
than rare species under the lottery mechanism. Communities generated under the 376 
assumptions of neutrality and heteromyopia had similar but more tightly constrained spatial 377 
properties in which both within- and between-species patterns were intermediate between 378 
those of the niche and Janzen-Connell mechanisms, although heteromyopia was found to 379 
increase intraspecific clumping and heterospecific mingling at very small scales, and to have 380 
effects that deviate markedly from neutrality as its strength increased (Fig. 6). This suggests 381 
that neighbouring heterospecifics had a tendency to be drawn from a smaller (proportional) 382 
pool of species under heteromyopia than under neutrality, perhaps because of the 383 
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formation of overlapping clumps of conspecifics. The Janzen-Connell mechanism, finally, 384 
produced widely distributed and uniformly mingled species, because of species’ uniformly 385 
lower tolerances of high conspecific density. 386 
The spatial statistics considered here make use of different pieces of information about 387 
spatial structure, and those that best captured differences between mechanisms - the 388 
measure of interspecific segregation and the proportion of conspecific neighbours for 389 
within-species structure, and the ISAR and spatial Simpson index for between species 390 
structure   - are based on individual-level counts of conspecific and heterospecific 391 
neighbours. This information, when combined and averaged, therefore appears to be the 392 
most powerful discriminator between the effects of different modelled coexistence 393 
mechanisms (also, in the case of the spatial Simpson index, when combined with 394 
information from far larger scales). It is known that the identities of nearest neighbours can 395 
indicate ecological process (e.g. Pielou 1961; Wiegand et al. 2007b; Vogt et al. 2010), but 396 
links to particular mechanisms have not previously been investigated, with the exception of 397 
studies that indirectly use neighbour identities to search for evidence of density-398 
dependence, Janzen-Connell mechanisms or effects of competition (e.g. Duncan 1991; 399 
Hubbell et al. 2001; Peters 2003; Uriarte et al. 2004). Nevertheless, we have shown that 400 
consistent spatial signals are detected at a range of strengths and combinations of 401 
mechanisms, and by a range of statistics, suggesting that these signals are direct spatial 402 
consequences of the mechanisms we modelled.  403 
The combination of particularly informative spatial metrics and a principal components 404 
analysis of this combination reveal that the spatial Simpson index and proportion of 405 
conspecific neighbours together provide considerable discriminatory power when applied to 406 
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the mechanisms we modelled (a combination of statistics of this kind, based on different 407 
aspects of spatial structure, is identified as valuable for detecting non-neutrality by May et 408 
al. 2015 via a distinct approach). The spatial Simpson index provides most of the 409 
information necessary to separate the niche-based and other mechanisms, while the 410 
proportion of conspecific neighbours provides most of the information necessary to 411 
separate the effects of spatial and temporal niches (Table S10, Fig. 7).  This finding is 412 
especially useful because it suggests an approach for empirical studies designed to 413 
investigate mechanisms of these kinds.  The measures require data only on nearest 414 
neighbours and species abundances (with appropriate corrections for lack of observations 415 
beyond study areas), and can easily be combined and focused on mechanisms of interest.  416 
As the spatial patterns we identify follow from the modelled mechanisms in isolated and 417 
combined form, and at a range of strengths, it can be expected that the measures will retain 418 
some value in empirical settings where the effects of similar mechanisms are not entirely 419 
confounded, especially for testing the highly divergent niche and neutral mechanisms (it is 420 
important to note that the spatial signals of niche differentiation would vary with the scales 421 
of environmental variation, niche sensitivity and analysis, as well as with the number of 422 
environmental factors on which niche specialisation can occur). Previous studies support 423 
this expectation, demonstrating the value of spatial statistics and associated predictions 424 
developed in theoretical settings similar or identical to that used here (e.g. Wiegand & 425 
Moloney 2004; Flügge et al. 2012; Brown et al. 2013; Damgaard et al. 2013). The inability of 426 
theoretical simulations to establish any absolute statistical values indicative of processes in 427 
real-world settings means that studies of relative values across sites may be most fruitful 428 
(e.g. Baldeck et al. 2013). However, the differences identified here between the spatial 429 
properties of individual species under different simulated mechanisms suggests that studies 430 
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within sites also hold promise, particularly for identifying species that may be strongly 431 
affected by a given mechanism (such as the Janzen-Connell effect, which is thought to vary 432 
substantially between species). In this context, an important - but unexplored - implication 433 
of our findings is that the variance of measures of spatial structure across scales could 434 
provide strong evidence of the occurrence and strength of species-specific mechanisms. 435 
None of this, of course, would allow the certain identification of any one underlying 436 
mechanism, especially given the potential strength of intra- and inter-specific variation in 437 
environmental responses and other relevant traits, but can be expected to be beneficial in 438 
eliminating possible causes of spatial structure, and hence species coexistence, that first-439 
order or even single second-order statistics are unable to distinguish.   440 
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Tables 662 
Table 1:  Separate pieces of information used in the spatial statistics considered here, and the 
symbols used to represent them. 
 663 
Symbol  Meaning 664 
nj  number of individuals belonging to species j per unit area 665 
nk   number of individuals belonging to species k per unit area 666 
ni  number of individuals not belonging to species j per unit area 667 
Nj  number of individuals belonging to species j 668 
NT  total number of individuals 669 
Nc  number of individuals with a conspecific nearest neighbour 670 
Nh  number of individuals with a heterospecific nearest neighbour 671 
N(r)  number of neighbours within a defined radius r 672 
Njj(r)  number of conspecifics within a defined radius r 673 
Nij(r)  number of heterospecifics within a defined radius r 674 
Njk(r)  number of pairs of individuals belonging to species j and k within a defined radius r 675 
of one another  676 
Njk( ?̌?)  number of pairs of individuals belonging to species j and k separated by distance r (in 677 
practice, within range (r + dr) 678 
Ns(r)  number of species within a defined radius r 679 
Ns  total number of species  680 
Pj  proportion of community represented by species j 681 
Ac  area considered in count of points; area of circle to radius r, or of annulus within (r +682 
   dr), as appropriate 683 
Ajk  area under the pair correlation function of species j and k 684 
R  radius limit to which a calculation is made 685 
 686 
 687 
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 690 
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 692 
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 695 
 696 
 697 
 698 
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Table 2: Definitions of statistics measuring spatial structure.  Individual terms are explained in Table 
1, and alternative definitions in terms of spatial point process functions are given in Table S4. No 
edge correction was used because statistics were calculated from simulated communities projected 
on a torus, but such correction would be necessary for real-world data. Statistics are expressed here 
at the species level, with the exception of the spatial Simpson index which is only calculated at 
community level. Species-level statistics are subsequently averaged across species to community 
level (with the ISAR additionally normalised for species richness). Equations for this averaging are 
given in Table S5.  
 699 
Name Definition Source 700 
Degree of aggregation 𝐷𝑎𝑔(𝑟) = ∑
𝑁𝑗𝑗(𝑟)
𝜋𝑟2𝑛𝑗(1−𝑛𝑗)
𝑁𝑗
1  Coomes et al. (1999) 701 
Measure of interspecific segregation 𝑆𝑗 = 𝑙𝑜𝑔 [
𝑁𝑐 𝑁ℎ⁄
(𝑛𝑗−1) 𝑛𝑖⁄
] Dixon (1994) 702 
Proportion of conspecific neighbours 𝑃𝑐 =
𝑁𝑗𝑗(𝑟)
𝑁(𝑟)
  703 
ISAR                            ISARj(r) = )(rN s                              Wiegand et al. (2007a) 704 
 705 
Spatial Simpson index  706 
(cumulative)                             𝑆(𝑟) = 1 − ∑ 𝑃𝑗
𝑁𝑗𝑗̅̅ ̅̅ ̅(𝑟)
?̅?(𝑟)
𝑁𝑠
𝑗=1  Shimatani (2001);  707 
         Rajala & Illian (2012) 708 
 709 
Degree of association                            𝐷𝑎𝑠(𝑟) = ∑
𝑁𝑗𝑘(𝑟)
𝑛𝑖𝑛𝑘𝐴𝑐
𝑁𝑗
1                          Coomes et al. (1999) 710 
 711 
Cross-pair overlap distribution 712 
 𝑥𝑃𝑂𝐷(𝑅) =  {𝐴𝑗𝑘 = ∫ log (
𝑁𝑗𝑘(?̌?)
𝑛𝑗𝑛𝑘𝐴𝑐
)
𝑅
0
𝑑𝑟 ; 𝑗, 𝑘 = 1: 𝑁𝑠 , 𝑗 ≠ 𝑘} Brown et al. (2011) 713 
 714 
 715 
 716 
 717 
 718 
 719 
 720 
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Table 3: Principal characteristics of spatial patterns generated under each modelled mechanism in 
terms of scattering, exposure, and implications for turnover of species with distance (Beta-diversity). 
Results are expressed relative to the neutral case, which has intermediate levels of scattering, 
exposure and turnover due to density-dependent mortality and dispersal limitation.   
 724 
 Janzen-
Connell 
Neutral Heteromyopia Niche Lottery 
Scattering High; 
highly 
consistent 
across 
species 
 Low at very small scales 
but higher at 
intermediate scales  
Very low; 
consistent 
across species 
High but 
variable; some 
species 
strongly 
aggregated, 
others strongly 
scattered 
Exposure High; 
highly 
consistent 
across 
species 
 At small scales, 
exposure between 
heterospecifics is 
elevated but exposure 
between species is 
depressed.  Both 
increase towards 
intermediate scales but 
become neutral as scale 
increases further. 
Low at small 
scales but high 
at 
intermediate-
large scales 
High on 
average but 
low in the 
most abundant 
species 
Beta-
diversity 
(turnover) 
Rapid rate 
of turnover 
with 
distance 
 Rapid at small scales, 
neutral at larger scales 
Rate of 
turnover similar 
to neutral 
Highly variable 
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Figure 1: Extremes of within- and between-species spatial structure.  Within-species 
structure varies between clustering and regularity, between-species structure 
between mingling and segregation 
  35 
 761 
 762 
 763 
 764 
 765 
 766 
 767 
 768 
 769 
 770 
 771 
 772 
 773 
 774 
 775 
 776 
 777 
 778 
 779 
 780 
 781 
 782 
 783 
 784 
 785 
 786 
 787 
 788 
 789 
 790 
Figure 2: The measure of interspecific segregation across 30 realisations of each modelled mechanism (each 
realisation contributes one (community-level) value of the index). Abbreviations are as follows: Ne = Neutral; Ni = 
Niche; Lo = Lottery; JC = Janzen-Connell; He = Heteromyopia. 
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Figure 3: The proportion of conspecific neighbours across 30 realisations of each modelled 
mechanism, across radii (a) and at a radius of 0.0025 (b). Abbreviations are as follows: Ne = 
Neutral; Ni = Niche; Lo = Lottery; JC = Janzen-Connell; He = Heteromyopia. 
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Figure 4: The normalised community-level individual species-area relationship (ISAR) across 30 realisations of 842 
each modelled mechanism, at a radius of 0.0083 (expressed as a proportion of the total number of species within 843 
each simulated community). Abbreviations are as follows: Ne = Neutral; Ni = Niche; Lo = Lottery; JC = Janzen-844 
Connell; He = Heteromyopia. 845 
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Figure 5: The spatial Simpson index across 30 realisations of each modelled mechanism, across radii (a) and 
at a radius of 0.0083 (b). Abbreviations are as follows: Ne = Neutral; Ni = Niche; Lo = Lottery; JC = Janzen-
Connell; He = Heteromyopia. 
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Figure 6: Values taken by each of the original 30 simulations of each modelled mechanism (a), the additional 10 
simulations of each in the sensitivity analysis (b), and the 25 simulations of combined mechanisms at a range of 
strengths (c). Results are presented for a combination of the normalised individual species area relationship (ISAR), 
spatial Simpson index (SS) and proportion of conspecific neighbours (PCN), calculated at the community level and at 
radii of 0.0083, 0.0167 and 0.0025 of plot dimension respectively. Individual simulations of each mechanism are 
labelled 1-10 in (b), with 1 corresponding to the weakest modelled strength of the mechanism and 10 the strongest 
(see Table S2). Arrows indicate direction of movement where results move in a consistent direction in statistical 
space with increasing strength of the modelled mechanism; results are circled otherwise. In (c), individual 
simulations are labelled by the two mechanisms used in each, along with a number (1-3) indicating the strength of 
each mechanism, from the three strengths given in Table S3 (1=lowest strength, 3 = highest strength). Mechanisms 
are abbreviated as: Nt = Neutral (black), Ni = Niche (red), JC = Janzen-Connell (blue), H = heteromyopia (brown), L = 
lottery (green). 
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Figure 7: Results of a principal components analysis of the values plotted in Figure 6a. The 
positions of each of the 30 simulations of each modelled mechanism on the first two 
principal components are shown; these components are explained in Table S10. 
Mechanisms are abbreviated as: Nt = Neutral (black), Ni = Niche (red), JC = Janzen-Connell 
(blue), H = heteromyopia (brown), L = lottery (green). 
 
